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ABSTRACT - The study of genetic diversity is fundamental in the preliminary selection of accessions with superior characteristics

and for a successful use of these genotypes in breeding programs. The purpose of this study was to evaluate, as a strategy for genetic
diversity analysis, the bioinformatics approach called artificial neural network. Based on the average of three growing seasons,
eight quantitative traits and thirty-seven papaya accessions were evaluated in a randomized complete block design, with two
replications. ByAndersors discriminant analysis, 91.90 % of the accessiong werectly classified in the gups peviously

defined by artificial neural network. It was concluded that the technique of artificial neural network is feasible to classify the
accessions. The presence of significant genetic diversity among accessions was observed.
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INTRODUCTION classical procedures and/or assisted by DNA markers
(Silvaetal. 2007a, 2007b, 2007¢, 2007d, Ramos et al. 2007a,
Plant breeding is the most valuable strategy to increasec, Silva et al. 2008).
productivity in a sustainable and ecologically balanced  In other perennial species, the multivariate approach
way. The genetic variability indicates the possibility ofhas been successfully used to detect genetic diversity in
preliminary selection of accessions with superiostudy populations.
characteristics and a successful use of these genotypes This approach was also used to characterize the
in breeding programs (Dantas and Morales 1996). genetic structure of the sampled plants as criteria and
The genetic diversity in germplasm collections camdicators for the selection of promising genotypes for
be studied based on qualitative or quantitative morphologidateeding programs, aside from the conservation of
traits. In this case, several statistical techniques can permplasm of the sampled species (Arriel et al. 2006,
used to predict diversity Oliveira et al. 2006yiana et al. 2006, Oliveira et al. 2007,
For papaya, such studies have been conduct&iva et al. 2009).
focusing on the evaluation of segregating populations by  Bioinformatics refers to the application of computational
estimating genetic parameters, using selection indices aald mathematical techniques in biological analysis. The
estimates of correlations among traits related to fruit yielaktificial neural network is a bioinformatics technique with
and quality In addition, these studies were supported byultivariate approach.
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Bioinformatics approaches can be applied to anyariability, the following traits were evaluated: fruit weight,
situation of fruit tree cultivation in which one wants tofruit length, fruit diameterflesh thickness, firmness,
predict something, recognize a pattern, or as clustexkternal and internal fruit, soluble solids and incidence of
analysis technique (Ruggiero et al. 2003). skin freckles.

The use of artificial neural network technology has In all measurements three fruits at the stage of
been fit into the context of agriculture in different waysmaturity (yellowing) were used from three plants per plot.
e.g., in the identification of early stages of pest or disea3&e average fruit weight was determined on an electronic
development, the classification of satellite images fascale. Fruit length (longitudinal) and diameter (transversal)
various purposes (Chagas et al., 2007, 2009, Costa amere measured with calipers. The flesh thickness was
Souza Filho 2008, Schimith et al. 200%ira et al. 2009, measured as lateral length of the fruit flesh, using a caliper
Watanabe et al. 2009, Franc¢a 2010), or to control robolse fruit firmness was measured after dividing the fruit in
(Pessin et al. 2007), among others. half, in the transverse direction. The firmness was

According to Galvao et al. (1999), due to its nondetermined at four equidistant points on each fruit half, at
linear structure, artificial neural networks can capture mogedistance of 0.5 cm from the skin, based on resistance to
complex features of the data, which is not always possilghenetration of the flesh. For this purpose, a penetrometer
with traditional statistical techniques. For Sudheer et glFruit Pressurgestey Italy; model 53205) with an adapter
(2003), the greatest advantage of artificial neural networkiseight 3.0 cm, diameter 3.0 cm) was used.
over conventional methods is that they do not require  The content of soluble solids of the fruit juice was
detailed information about the physical processes of thhead, using a portable refractomefdago N1, with
system to be modeled. readings ranging from 0° to 32° Brix. The juice was extracted

The use of neural networks associated witfrom a sample of flesh tissue from the middle of the fruit,
classification methods is a promising path. Thesasing a hand juicefrhe incidence of physiological leaf
classifiers have the advantage of being nonparametrgpot was determined on a O - 5 score scale, according to
requiring small samples for training (Kavzoglu and Mathethe incidence degree and means calculated based on three
2003) and tolerate missing data (Bishop 1995). scores of each sample.

In this sense, the purpose of this study was to  PapayaCarica papayd..) accessions of the groups
evaluate the feasibility of artificial neural networks as &olo and Formosa were evaluatedl{[E1).
technique for genetic diversity analysisG#rica papaya
L., implementing an artificial neural network (computern wificial neural network
program), according to the model proposed by Kohonen
(1982), which can propose a classification and the formation  To study the genetic diversity among accessions, a
of divergent groups of the study accessions based oomputer program for artificial neural networks was

data extraction from the database. implemented. The development methodology was based
on the model of Kohonen (1982).
MAT ERIAL AND METHODS There are many models of artificial neural networks,

but the one proposed by Kohonen (1982) has the
advantage of not requiring any theory for the data
In three growing seasons (May 20@81ngust 2007 organization, making it suitable for this study
and November 2008), 37 accessions of the germplasm bank The traditional Kohonen model was modified,
were assessed on the Fazenda Caligaicola S/A, in - according to the characteristics and needs of this study
Linhares, State of Espirito Santo. The methodology presented here was based on concepts
The experiment was arranged in a randomized blogkoposed by Haykin (2001).
design, suitable for germplasm evaluation, with two The artificial neural network consisted of an n x m
replications, with 20 plants per plot in double rows, spacedput matrix, where n are accessions and m input elements
3.6 x 2.0 x 1.5 m. Once planted, the accessions wese characters, which together represent the input vector
evaluated in three growing seasons. X, and of k output neurons, representing the classes into
Since the genetic diversity is verified based on thehich the accessions can be grouped, determined as:
study of plant and agronomic traits n the search for genetic= 37 accessions, m = 8 characters and k = 4 classes.

Experimental design and plant material
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The definition of the number of groups was randorAnderson’s discriminant analysis
and is an adjustable parameter in the program developed. The multivariate technique, called discriminant

For a given input, only one output neuron is aCtivate‘Function, proposed bénderson (1958), was used in this

indicating the class to wh|ch the accession belongs.. T_L]ﬁjdy to verify the consistency of grouping by artificial
classes should group accessions with similar charactensurq‘gjur al network analysis

Consequentlythe classification was based on similarity The groups were defined by the neural network and

of valur(]as. . ¢ finding th hi compared with clustering b&nderson$ discriminating
The process consisted of finding the best-matc 'r}gchnique. Based @xndersons discriminating technique,

neuron in “?”'_‘S of swml_arlty (vymner) i(X) in ime Step_t'the percentage of correct and incorrect classification of
using the criterion of minimum distance between accessm%§1y other technique can be determined

An input pattern to the neural network considered
the average of the three growing seasons and w&%
expressed as:

Using the discriminant functions and data of the
per populations; pthe apparent error rate (AER) was
estimated, which measures the efficiency of these functions
Xn=Xnw X2 0 Xeg, N =1, 2, ..., 37 to classify the accessions correctly in the previously
It was assumed that the synaptic weight vectoerStabIIShed populations. . .

- The apparent error rate was given by the ratio between
represented the characteristic plant of the group formﬁg e
. ; e number of erroneous classifications and the total number
and was randomly defined, based on the input data, afs e . . )
follows: of classifications (Cruz and Carneiro 2003), according to:

oy 1 &
Wi = Wi, Wi, .. Weg], k=1, 2, 3, 4. TEA(A’)_NJ;mJ

The synaptic weight vector is the criterion forvhere m is the number of observations of populahn

acceptance or rejection of a group of accessions or pIarW?'Ch were, by means of discriminant functions classified

The similarity between the input and the neuron Wa{g an:)ther population;p where j = jand j = 1,2,..., 9
measured as the average Euclidean distance betw&RY atlonz o g
vectors X, and W,, calculated by: Considering:N ZEIHJ

1 2 where nj is the number of observations related to population
m Y, (Xaj W) D
7 :

The output layer unit with the lowest average EuclideaRESULTS AND DISCUSSION
distance is considered the best. When using index i(X) to
identify the most similar neuron to vectop,Xnown by Avrtificial neural network
the network at the moment, i(X) is expressed as:

The classification by the artificial neural network,
based on mean values of three growing seasons, considering

Subsequentfythe synaptic weight vectors of neuronsight quantitative traits in 37 accessions, is presented in
were adapted, according to the updating formula helowTable 2.

Given the synaptic weight vector t) of neuron k Four groups were estimated for the classification, to
at time t, the updated weight vectoi{f*1) at time t +1 ensure the distinction of the accessions in groups, based
was defined by (Kohonen 1982) as: on the main characteristics.

- Group 1, with most accessions, was composed of 15
WEHL= W+ (0 (X - W) accessions of the group Solo and three accessions of
which was applied to the winner neuron i, whaggwas  Formosa, which produced the smallest fruits. The average
the parameter of the learning rate and must be variable\ifiluesof the fruit characteristics were fruit weight 378.72 g,
time, initiated with a value close to 0.1 that must gradualkyyit length, 12.96 cm, fruit diameter 7.90 cm, flesh thickness

decrease but remain above 0.01. The learning rate determip@s cm, external fruit firmness 86.87 N and flesh firmness
the speed at which the network stabilizes. 64.48 N.

i(X)=arg mli(n‘ Xn-WkH
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Group 2 consisted of two accessions of the Formosaosses between the most divergent genotypes with best
group, which produce the largest fruits. The average valuagronomic performance in the traits studied. This should
of the fruit characteristics were fruit weight 2159.72 g, fruitead to a better allele complementation, resulting in improved
length 29.13 cm, fruit diameter 12.57 cm, flesh thickneggenotype performance in future generations.

3.16 cm, external fruit firmness of 194.68 N and flesh firmness  Another possibility is to directly recommend promising
146.61 N. genotypes for further evaluation together with other

Group 3 comprised two Solo and seven Formosaccessions, to assess the possibility of their recommendation
accessions. The average fruit weight was 640.81 g, averagenew varieties.
fruit length 17.24 cm, average fruit diameter of 9.21 cm,  These indications of crosses agree with Dias et al.
average flesh thickness of 2.49 cm, external fruit firmne$%994), who emphasized the possibility of considering not
142.94 N and flesh firmness 104.67 N. individual genotypes but a genotype group, in studies

Group 4 consisted of eight accessions of the Formosevolving a large number of genotypes. In this case, crosses
group. The mean fruit traits were fruit weight 1142.95 gamong accessions from the most distant groups and with
fruit length 22.44 cm, fruit diameter 10.47 cm, flesh thicknessyronomic traits of interest are to be preferred.
of 2.89 cm, external fruit firmness 184.52 N and flesh Considering that the synaptic weights were randomly
firmness 139.46 N. generated at the implementation of the artificial neural

The presence of genetic diversity was significanpetwork and that these initial values could affect the final
as the formation of heterotic groups demohstrated. classification, two types of synaptic weights were used.

The groups generated by the artificial neural networRandom weights were used as well as weights representing
facilitate the selection of divergent genotypes forimprovemetitie averages of the groups proposed by the principal
by the generation of hybrids, since they allow the selectimomponent technique, resulting in no difference in the
of genotypes indicated for crosses from different heterotatassification.
groups. Thus, the probability of obtaining superior genotypes  In the development of the neural network, two
is greater databases were tested to feed the input layer of the

In studies considering the same population evaluate@twork; original means and standardized means, by the
in this study (Quintal et al. 2007a), the genetic parametdechnique of principal components.

(variances) were estimated, observing the phenotypic It was observed that the neural network was not
variability for all traits in question, thus confirming theinfluenced by the scale of input data. The classification
possibility of identifying genotypes. by original data was the same as when using standardized

By other techniques, Quintal et al. (2007b) showedata.
the presence of genetic variability in these accessions An important aspect that should be emphasized is
and reported a significant difference for the genotype effethat the data are very group- specific. The neural network
for the traits assessed in this study tends to perform best when the data are more heterogeneous,

The possibility of parent selection for breedingcharacterizing the plants with regard to their groups.
programs targeting superior genotype€arica papaya
L. populations was corroborated, e.g., by Cardoso et
(2009), who observed high genetic diversity of traits related ~ This procedure was adopted on the assumption that
to papaya seed qualitgnd in studies published by Silvathe group to which the accessions belong is known. Thus,
et al. (2007b, 2008) that also indicate the availability dhe consistency of the grouping was verified\bgersons
genetic variability amon@arica papaya. accessions. discriminant analysis, as described by Cruz and Carneiro

In the groups formed by the estimation of geneti€2003).
divergence between genotypes in the study population, When considering the group proposed by the artificial
one must compare the existing possibilities for the casemgural network, the apparent error rate, according to
perennial plants with sexual propagation, with the possibilifndersons discriminant analysis, was 8.10 hat is,
to obtain lines via selfing and/or to obtain new hybrids.based orAnderson$ discriminant analysis, 91.90 % of

For the selection of new crosses, in order to exploihe accessions were classified correctly in the previously
heterosis and allele diversithe agronomic performance defined groups.
of genotypes should also be taken into account, to indicate

énderson’s discriminant analysis
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Table 1 Accessions of the€Carica papayalL germplasm bank of Caliman/UENBf the groups Solo and Formosa evaluated

Group Formosa Group Solo
Accession Origin Accession Origin
Caliman M5 CALIMAN Baixinho Santa Amalia Papaya Ceres
Calimosa CALIMAN Baixinho Super UENF
Costa Rica UENF Caliman AM CALIMAN
Fruto médio verde CALIMAN Caliman G CALIMAN
Golden tipo Formosa CALIMAN Caliman GB CALIMAN
Mamao Bené CALIMAN Caliman SG CALIMAN
Maradol (orig. México) Cuba Diva CALIMAN
Papaya 42 Formosa CALIMAN Grampola CALIMAN
Papaya 45 Formosa Roxo CALIMAN Kapoho Solo PA CNPMFT — BA
Papaya 46 Claro CALIMAN Kapoho Solo PV -
Sekati CALIMAN Mamao Roxo -
STAHIII - 11a plt 08x CALIMAN Sdo Mateus Papaya Ceres
STA H IIT - 50 plt 09X CALIMAN Sunrise Solo CALIMAN
STAHIII - 02 plt 01X CALIMAN Sunrise Solo (sel. Caliman) CALIMAN
STAHIII - 04 plt 02X CALIMAN Sunrise Solo 72/12 (202) Papaya Ceres
STZ-52 CALIMAN Sunrise Solo 783 UENF
Tailandia EBDA — BA Sunrise Solo TJ Papaya Ceres
Tainung CALIMAN
Triwan Et CALIMAN
Waimanalo CNPMFT- BA

Table 2 Papaya Carica papayal.) accessions grouped by the artificial neural network, based on the means of three growing seasons,

considering eight quantitative traits evaluated in 37 accessions

Groups Accessions

1 - Caliman M5, 5 - Diva, 6 - Grampola, 7 - Sunrise Solo, 8 - Caliman AM, 9 - Caliman GB, 10 - Caliman SG, 11 - Caliman G,
1 12 - Sunrise Solo 72/12 (202), 13 - Kapoho Solo PA, 14 - Baixinho Santa Amalia, 15 - Sunrise Solo TJ, 18 - Kapoho Solo PV,
19 - Sunrise Solo PT (Sel. Caliman), 22 - Mamao Roxo, 25 - Baixinho Super, 26 - STZ-52, 28 — Golden, Formosa type

2 21 - Mamao Bené, 23 - Maradol (orig. México)

3 2 - Sunrise Solo 783, 3 - Costa Rica, 4 - Triwan Et, 17 - Sdo Mateus, 20 - Waimanalo, 33 - Papaya 42 Formosa, 34 - Papaya 45
Formosa Roxo, 35 - Papaya 46 Claro, 36 - greenish fruit

4 16 - Tailandia, 24 - Sekati, 27 - Calimosa, 29 - STA H III - 11A plt, 30 - STAH III - 50 plt, 31 - STAH III - 02 plt, 32 - STAH

111 - 04 plt, 37 - Tainung

The percentage of correct and incorrect classificatiorgble 3 Percentage of correct and incorrect classification of each

of each group, detected Agdersons discriminant analysis,

group, tested byAnderson$ (1958) discriminant analysis, in the
classification proposedy the artificial neural network, considering

based on the classification proposed by the neural netwoglght quantitative traits evaluated in 37 accessionGasica papaya
as shown ifable 3, should be analyzed as follows: in thé.

main diagonal is the percentage of correct classificatiomopulation 1 2 3 4
for each group.All other fields correspond to 1 94.44 0.0 5.56 0.0
misclassification.To determine the percentage of 2 0.0 100.0 0.0 0.0
misclassification of a particular group, the respective row 3 .11 0.0 88.89 0.0
should be consulted. 4 0.0 0.0 12.5 875

For example, according fandersons$ discriminant

analysis, the artificial neural network classified 94.44 % ofiere grouped by thEocher method, which was considered
the accessions correctly in group 1 while 5.56 % of thedequate by the authors.
accessions that should belong to group 1 were incorrectly The consistency of clusters of Brachiaria species
classified in group 3. Mariot et al. (2008) worked withwas verified byAssis et al. (2003), based Andersons

accessions dfl. ilicifolia andM. aquifoliumand found discriminant analysis, and found high apparent error rates,
an apparent error rate of 10.48 % when the accessi@sfor example, 69.33 % fBr. brizantha

228
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Rede neural artificial na analise da divergéncia
genética em Carica papaya L.

RESUMO - O estudo da diversidade genética € de fundamental importancia na sele¢éo preliminar de acessos com caracteristicas
superiores e a utilizagdo desses materiais com sucesso em programas de melhoramento genético. O objetivo deste trabalho foi
avaliar, como estratégia de anélise da diversidade genética, a técnica de bioinformética denomileadaural atificial. Foi

considerada a média de trés épocas de plantio, oito caracteres quantitativos e trinta e sete acessos de mamoeiro, utilizando-se o
delineamento em blocos casualizados com duas repeticdes. Com base na analise discriminante de Anderson, 91,90 % dos acessos
foram classificados corretamente nos grupos previamente definidos pela rede neural artificial. Concluiu-se que a técnica de rede
neural artificial se demonstrou viavel na classificagédo dos acessos. Observou-se a presenca significativa de diversidade genética
entre os acessos avaliados.

Palavras-chavebioinforméatica; analise multivariada; melhoramento genético vegetal.
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